Abstract: Previous studies measured gravel bed surfaces by terrestrial laser scanning (TLS) and close-range photogrammetry suggested the presence of at least two different scales of spatial variation in gravel bed surfaces. This study investigated the spatial variation of airborne laser scanning (ALS) point clouds acquired in gravel bed. Due to the large footprint of ALS systems, a smoother surface is expected, but there exists some uncertainty over the precise scale of ALS measurement (hereafter referred to as the spatial support). As a result, we applied the regularization method, which is a variogram upscaling approach, to investigate the true support of ALS data. The regularization results suggested that the gravel bed surface described by the ALS is much smoother than expected in terms of the ALS reported measurement scale. Moreover, we applied the factorial kriging (FK) method, which allows mapping of different scales of variation present in the data separately (different from ordinary kriging which produces a single map), to obtain the river bed topography at each scale of spatial variation. We found that the short-range and long-range FK maps of the TLS-derived DSMs were able to highlight the edges of gravels and clusters of gravels, respectively. The long-range FK maps of the ALS data shows a pattern of gravel-bed clusters and aggregations of gravels. However, the short-range FK maps of the ALS data produced noisy maps, due to the smoothing effect. This analysis, thus, shows clearly that ALS data may be insufficient for geomorphological and hydraulic engineering applications that require the resolution of individual gravels.
Introduction
Characterizing the spatial variation in the gravel bed surfaces is vital for estimating the gravel bed roughness and understanding sediment transportation processes [1] . Previous studies used functions representing spatial variation, such as the variogram, to investigate the fractal properties of gravel bed surfaces and differentiate multiple scales of gravel bed roughness. Most of these studies found that the variogram of gravel bed surfaces revealed a nested structure that contains short-range and long-range components, indicating the presence of physical processes operating at two scales [1] [2] [3] [4] [5] [6] [7] .
A detailed description of gravel bed surfaces is essential for generating a stable and well-structured variogram. Substantial studies have applied the terrestrial approach, which includes terrestrial laser scanning (TLS) and close-range photogrammetry, to produce fine spatial resolution digital surface models (DSMs) of gravel beds within small spatial extent [2, 3, [8] [9] [10] [11] . However, using the terrestrial approach to measure gravel bed surfaces over large areas is costly and time-consuming [12] . Thus, the terrestrial approach is not suitable for providing a synoptic analysis of gravel bed roughness in a whole river section. In recent years, several studies have used the airborne approach, which includes airborne laser scanning (ALS), aerial photogrammetry and unmanned aerial systems (UAS), to obtain elevation data over long reaches of gravel-bed rivers [5, [13] [14] [15] [16] . The terrestrial approach is able to achieve a spatial resolution of millimetres, and the spatial resolution of data acquired by the airborne approach is typically tens of centimetres [12] . As a result, it is expected that gravel bed surfaces described by the airphy and Environment, University of Southampton, Southampton SO17 1BJ, United Kingdom; School of Natural and Built Environment, Queen's University Belfast, Belfast BT7 1NN, Northern Ireland, United Kingdom Chi-Kuei Wang: Department of Geomatics, National Cheng Kung University, Tainan 701, Taiwan borne approach will be spatially smoother. Before using the airborne approach to estimate the variation in gravel bed surfaces, it is, therefore, crucial to explore the effect of the change of measurement scale on the gravel bed surface data, spatial characterisations and roughness obtained through ALS.
In geostatistics, the support refers to the space on which an observation is defined and the measurements are the integrals of the spatial variation over the support [17] . It is known that the geostatistical method of regularization can be used to explore the change of support, particularly, upscaling [18, 19] . The regularization method is performed by scaling the variogram model derived from the point support, so no actual measurements over the areal support are required. Huang and Wang [5] applied the regularization method to TLS-derived DSMs and investigated the fractal properties of gravel bed surface by comparing the regularized TLS variogram and variograms of the ALS point clouds (areal support). However, the smoothing effect in ALS is not fully addressed in Huang and Wang [5] . In this study, we explore the smoothing effect of ALS by regularizing the TLS variogram over different supports and comparing this to variograms of the ALS point clouds.
Most studies of characterizing the spatial variation in the gravel bed surfaces were conducted over small sampling areas, it was suggested that gravel bed roughness reflects the subgrain scale [2] or grain-form scale [7] by comparing the characteristic grain size (e.g. d 50 or d 84 ) with the short range parameter of a nested variogram. However, it is known that the characteristic grain size is readily affected by the extent of sampling area [2] . Consequently, a filtering method that is capable of generating spatially river bed topography at each scale of spatial variation, as captured in a nested variogram of the gravel bed surface, can facilitate the interpretation of gravel bed roughness.
Factorial kriging (FK) is a spatial filtering method in geostatistics that can distinguish multiple scales of spatial variation in a physical process [20] [21] [22] . It has been applied in a variety of domains, including image processing [22, 23] , water contamination analysis [24] , seismic data analysis [25] , health risk analysis [26] , and the delineation of gravel-bed clusters [22] . Unlike ordinary kriging (OK), which creates a single predicted map whatever the scales of spatial variation in the data, the FK method acts as a multiple-pass filter (i.e. low-pass and high-pass filters) to generate multiple predicted maps according to the corresponding spatial scales (i.e. short-range and long-range components) represented in the nested variogram, and the data. The FK filter coefficients are data-dependent and are determined by the variogram calculated from the spatial data. It is, thus, of interest to observe the FK maps produced by gravel bed surface data from such systems.
To date, few studies have been conducted to discover the features that represent the bed topography at the individual scale of gravel bed roughness and evaluate the effect of the larger support when applying ALS to gravel beds. The aims of this study are to investigate the true support of ALS data and obtain the river bed topography at each scale of spatial variation. The geostatistical method of regularization was employed to convolve the variogram obtained from TLS-derived DSMs data with the measurement process pertinent to the TLS. We then compared the regularized TLS variogram with the observed ALS variogram to obtain a clear understanding of the true support of ALS data. Moreover, we use the FK method to map the multiple scales of spatial variation in the quasi-point support data (i.e. TLS-derived DSMs) and areal support data (i.e. ALS point clouds). The OK method was also applied to the two types of data and the comparison of the FK and OK results were discussed.
Methodology

Variogram
Geostatistics is based on the theory of Regionalized Variables (ReV) in which spatial data are treated as regionalized variables, that is, realizations of a Random Function (RF). A RF Z(x) is nothing more than the spatial equivalent of a Random Variable (RV) Z in which Z is a function of spatial location x. The expected values of the RF are spatially dependent, which means that near observations are more related than distant observations [20] . The variogram parameterizes the RF, effectively extending the concept of variance (for a RV) to space.
The variogram is a basic tool in geostatistics and has been widely used to quantify the spatial variability of gravel bed surfaces [1-7, 22, 27] . The empirical variogram, which is half the mean squared difference of paired data points separated by the lag vector h, can be represented as follows:^(
where^(h) is the semivariance, the lag vector h is the separation between two point pairs, N(h) is the number of data points separated by the lag vector h and z(x i ) is the bed elevation at the location x i . Robert [7] suggested using a detrending procedure to remove the spatial bias caused by the slope of gravel beds: all the TLS-derived DSMs and their ALS counterparts were linearly detrended by a planar surface in this study. The empirical variogram consists of a set of semivariances^(h) at discrete lags. To use the variogram information in the geostatistical operations of OK, FK and regularization, a theoretical variogram model must be fitted to the empirical variogram and it is the parameters of this fitted model that are then used in the operations. The fitted model must be so-called "permissible" or conditional negative semidefinite (CNSD) to ensure that negative prediction variances do not occur [19] . The variogram calculations were performed by the gstat package in the R software.
Regularization
The geostatistical operation of regularization of the variogram model is based on the change of support concept and is equivalent to spatial convolution in image processing [18, 19] . It can be used to estimate the regularized variogram on an areal support when only point support data are available. Journel and Huijbregts [18] showed that the regularized variogram on areal support v can be estimated from the theoretical point support variogram under the assumption of stationarity using the following formula:
where v h denotes the areal support v translated by lag vector h. The block-to-block variogram (v, v h ) is the double integral of the point support variogram between areal support v and areal support v h , separated by lag h, which is expressed as (v,
, is the double integral of the variogram within areal support v, and is represented
Both are estimated through numerical approximation (i.e., averaging of semivariances between discrete points sampled across each support).
Ordinary kriging
Ordinary kriging (OK) has been used widely to interpolate digital elevation data and so it is introduced only briefly here. OK is the best linear unbiased predictor (BLUP) and has been found to be robust to a wide variety of data properties [19] . The ordinary kriging predictionẐ(x 0 ) is a linearweighted moving average of the available N data points, which can be expressed as follows:
where λ i represents the weight assigned to the point at the location x i . To ensure that the kriging prediction is unbiased, the weights in Eq. (3) sum to one:
OK also minimizes the prediction variance, which is represented by the following:
Eq. (4) leads to the system of OK equations including N + 1 equations and N + 1 unknowns, which is given by
where ψ(x 0 ) is a Lagrange multiplier and it is introduced to achieve the minimization. The system of OK equations (Eq. (5)) are solved to provide the weights λ i needed in Eq. (3).
Factorial kriging
In OK, Z(x) is predicted from the available data and variogram model as a whole. However, in FK the predictions are derived from the spatial components in the nested variogram separately. In other words, each spatial component Z k (x 0 ) can be predicted by a linear-weighted moving average of the available N data points:
where the λ k i are the weights applied to the available data. For the k components, the weights λ k i must sum to 0 to ensure unbiased prediction [19] . Moreover, the variogram can be represented as a set of basic variograms for FK. In this study, the nested variogram of Z(x) is expressed by
where g 0 (h), g 1 (h) and g 2 (h) represent the nugget model, the spherical model with a short range, and the spherical model with a long range, respectively. FK also minimizes the prediction variance, which leads to the FK equations for each component k below:
The system of FK equations is solved to obtain the weights λ k i needed in Eq. (6) for kth component.
Field sites and data
The Nanshih Creek test site
The study area is at a 700 m long section of the Nanshih Creek (24 ∘ 54'10"N and 121 ∘ 33'24"E), in northern Taiwan (Figure 1 (a) . Nanshih Creek is unregulated with a mean discharge of 40 m 3 s −1 outside the peak flood period. The gravel bed in Figure 1 is occasionally submerged and migrated due to severe flooding caused by typhoons which occur between May and November of each year.
Terrestrial laser scanning
A TLS survey was conducted on the six field sites, which are denoted as S1 to S6 in Figure 1a , on June 9 th , 10 th , and 11 th 2009. Figure 1 (b and c) shows the field photos of S4 and S6, respectively, which are the two sites with the largest gravels and smallest gravels among S1 to S6. The sampling area for S1 to S6 is 6 m × 6 m. The six sites were scanned by a FARO Photon 80 laser scanner with a nominal measurement accuracy of 2 mm. Hodge et al. [9] and Wang et al. [11] have suggested that a multiple scanning strategy could reduce the number of data voids caused by obstruction due to large grains. Therefore, we performed four scans on the middle of the edge of the 6 m × 6 m sampling area for each field site. A fine spatial resolution setting, providing a point spacing of 3 mm at 10 m distance from the scanner, was used for each scan. Each individual scan took about half an hour including the setup, and generated more than 10 million points. Because each scan has its own local Cartesian coordinate system, a registration operation was performed with the aid of identifying four spherical targets (shown in Figure 1(c) ) in each scan, and the FARO SCENE software was used to merge the four scans for each field site into a single coordinate system. Except for manual removal of a few distant points or spurious data points returned from aerosols, no other filtering was applied to the merged scan data for each field site. Finally, the two-stage meanbased filter developed by Wang et al. [11] was applied to the merged scan data to generate the TLS-derived DSMs with a spatial resolution of 1 cm. The TLS-derived DSMs are shown in Figure 2 . 
Airborne laser scanning
The ALS survey was performed on May 7 th 2009 along the river channel, using an Optech ALTM 3070 system mounted in a helicopter. The flying speed was 50 knots, the scan angle 17 ∘ and the pulse rate 70 kHz. The nominal elevation and horizontal accuracies of the Optech ALTM 3070 are 15 and 32.5 cm, respectively. The footprint of ALS can be derived from the beam divergence of ALS and flying altitude [28] . The beam divergence is 0.7 mrad for the Optech ALTM 3070 and the flying altitude is 650 m, so the nominal footprint size of the ALS is 45 cm in this study. The average point cloud density is 247 pts m −2 by the helicopter with repeated passes. Except for manual removal of a few extreme high points from the ALS dataset, no other filtering was applied to the ALS dataset. In addition, aerial photos were also collected by a medium-format digital camera, integrated with the Optech ALTM 3070, simultaneously with laser scanning in order to generate the georectified orthophotos with a spatial resolution of 5 cm × 5 cm (see Figure 1) .
The six field sites are not easily accessible and no flood event occurred after the ALS survey, which suggested that there should be no noticeable disturbance of the gravelbed surface within one month period between the ALS survey and in situ TLS measurements. The ALS point clouds were extracted based on the extents of the six field sites. The colour maps of the ALS point clouds for S1 to S6 are shown in Figure 2. 
Results
Variogram
The empirical variograms of the detrended TLS-derived DSMs and ALS counterparts for S1 to S6 are shown in Figure 3 . The lag intervals of the TLS-derived DSMs and ALS counterparts are 1 cm and 10 cm, respectively. Due to the small lag distance, the dots representing the variograms of the TLS-derived DSMs appear as lines in Figure 3(a-f) .
The detrended variograms of S1 and S5 (denoted as black dots in Figure 3 (a), 3(e), 3(g) and 3(k)) showed a monotonically increasing semivariance in the largest lags. This shows that a planar trend was not sufficient to remove the trend from these the gravel bed surfaces. A stable estimate of fractal dimension can be obtained if the stationarity prerequisite is fulfilled [2] . Our results indicate that sometimes higher degree polynomial trend surfaces (e.g. the quadratic surface) are needed to remove the trend in the gravel bed surface data. As a result, we removed a quadratic trend from the gravel bed surfaces at sites S1 and S5 such that the empirical variogram reached a plateau (denoted as the grey dots in Figure 3 (a), 3(e), 3(g) and 3(k)).
The variograms of the TLS-derived DSMs shown in Figure 3(a)-3(f) and variograms of the ALS point clouds shown in Figure 3 (g)-3(i) show two distinct scales, which are consistent with the observations in previous studies [2, [4] [5] [6] [7] . However, the variograms of the ALS point clouds shows a single scale in Figure 3(j)-3(l) . The empirical variograms exhibited with two distinct scales were fitted with a permissible double spherical model, which is represented as grey dashed lines in Figure 3(a)-3(i) . The variograms of the ALS point clouds in S4, S5 and S6 were fitted well by a single spherical model in Figure 3 (j)-3(l). Table 1 lists the parameters of the theoretical variogram models. The nugget variances of the variograms fitted to the TLS-derived DSMs are zero. This is expected due to the very high measurement accuracy of TLS data. As observed in Table 1 , S4 and S6 have the largest and smallest ranges of the first spherical model fitted to the TLS variograms, respectively. The largest and smallest ranges of the second spherical model were observed for S2 and S4, respectively.
The variograms of the ALS point clouds exhibit a concave upwards form at small lags (Figure 3(g), 3 (h), 3(i), and 3(j)), which implies that ALS measurements oversmooth the gravel bed surface. Compared to the variograms of the TLS-derived DSMs, the variograms of ALS counterparts have smaller semivariances. This is expected as a function of the spatial convolution of the gravel bed surface with the larger measurement support (i.e., the large footprint of ALS). Larger semivariances were observed in the variograms (TLS-derived DSM and ALS point clouds) of S4 (Figure 3(d) and 3(j) ). We suggest that the less spatially organized gravels here lead to greater local variance after detrending in S4, which can be seen in 
Regularization
The variograms of the TLS-derived DSMs were regularized over the circular ALS support of 45 cm. The 1 cm × 1 cm rectangle cell of the TLS-derived DSM is approximated as a (quasi-)point (it is extremely small relative to the ALS support). Figure 4 shows a comparison of the regularized TLS variograms (denoted as grey dashed lines) and the observed variograms of the ALS point clouds (black dots).
To enable a direct comparison, the regularized variograms were shifted upwards by adding the nugget variances in the theoretical variogram of the ALS point clouds in Table 1 . We expect a high agreement between the regularized variogram over a support of 45 cm and the ob- served variogram of the ALS point clouds. However, the fit is clearly poor in Figure 4 (a), 4(b), 4(c), 4(e), and 4(f). Therefore, we altered the support for regularization until a best fit was obtained between the regularized TLS and the observed ALS variograms. The support that provided the best fit was 66 cm, corresponding to a flying height of 950 m. The dark grey dashed lines in Figure 4 show the regularized TLS variograms over support of 66 cm. Better agreement between the regularized variogram over support of 66 cm and variogram of the ALS point clouds are shown in Figure 4 (a), 4(b), 4(c), 4(e), and 4(f). This demonstrates that the ALS is over-smoothing the gravel bed surfaces, even more than the already coarse support of 45 cm. The experiment performed here demonstrates that the actual support of the ALS is actually closer to 66 cm. The regularized variogram over support of 45 cm in S4 seems to have a better agreement with the overserved ALS variogram in Figure 4 (d). According to Jutzia and Stillab [29] , we postulate that the ALS is able to discriminate the large gravels and the surrounding ground in S4, which reduces the over-smoothing effect.
As shown in Figure 4 (f), the regularized variogram over the supports of 45 cm and 66 cm are both close to the variogram of the ALS point clouds in S6. This implies that the flat gravel bed surface, which can be seen in Figure 1(c) , is already very smooth so that the over-smoothing effect caused by the ALS does not alter greatly the variogram of the ALS point clouds in this case.
Ordinary kriging
Only the ALS point clouds of S1, S2, and S3 required the fitting of a double spherical model, and OK and FK were performed only for these three sites. The OK maps with a spatial support of 1 cm × 1 cm predicted using the detrended TLS-derived DSMs of S1, S2, and S3 are shown in Figure 5(a), 6(a), and 7(a) , respectively. The OK maps with support of 10 cm × 10 cm calculated from the detrended ALS point clouds of S1, S2, and S3 are shown in Figure 5 
Factorial kriging
The maps predicted by FK of the long-range variogram component with a support of 1 cm × 1 cm from the detrended TLS-derived DSMs of S1, S2, and S3 are shown in The short-range FK maps with a support of 1 cm × 1 cm calculated from the detrended TLS-derived DSMs of S1, 
Discussion
This research focused on using the variogram to quantify the scales of spatial variation in the gravel bed surfaces acquired by TLS and ALS. Although a large number of studies have suggested applying planar detrending to remove the large scale trend, such as the slope of gravel beds, before variogram calculation [2] [3] [4] [5] [6] [7] , the variograms shown in Figure 3(a) , 3(e), 3(g) and 3(k) indicate that sometimes higher degree polynomial trend surfaces (e.g. the quadratic surface) are needed to remove the trend in the gravel bed surface data. It is necessary to achieve a bounded variogram (i.e., which reaches a plateau) because the monotonically increasing semivariance in the largest lags would lead to underestimation of the gravel bed roughness (i.e. the fractal dimension D = 3 -b/2), which is calculated by the slope of the log-log variogram.
Many studies showed the potential of ALS for characterizing the surface roughness across large areas [5, [30] [31] [32] . Comparison of the regularized TLS variogram with the observed variograms of the ALS point clouds in Figure 4 shows that the actual support of ALS is closer to 66 cm (i.e. footprint at the flying altitude of 950 m) rather 45 cm, which provides the evidence that the gravel bed surface described by the ALS is much smoother than expected in terms of the ALS reported measurement scale. As a result, it is crucial to evaluate the smoothing effect caused by ALS, for example, if the intention is to use such a gravel bed surface for geomorphological applications or hydrodynamic modelling.
Nested variograms and FK were used to separate the spatial variation in gravel bed surfaces into two components. We found that short-range FK of the TLS-derived DSMs in Figure 5 (c), 6(c), and 7(c) highlighted the edges of gravels and long-range FK of the TLS-derived DSMs in Figure 5 (b), 6(b), and 7(b) revealed the patterns of individual and clusters of gravels. These results indicate that the short-range and long-range components of FK usefully correspond to the bed topography at grain scale and form scale, respectively. It is an important finding because we can identify the bed topography at each scale of gravel bed roughness without using the characteristic grain size now. Furthermore, the FK method is applicable to gravel bed surface data obtained by other measurement techniques.
Short-range FK of the ALS point clouds had little utility because it appears as noise. Long-range FK of the ALS point clouds appears to be smoother than that of the TLSderived DSMs. This shows that the very large footprint of the ALS data could only be used to extract the bed topography at form scale. It is also noted that the OK maps of the ALS point clouds resemble the long-range FK of the ALS point clouds, which could be considered as an approximation.
As mentioned in Rameshwaran et al. [33] , it is difficult to obtain a bed topography which coincides with a specific roughness scale in hydrodynamic modelling. The FK results presented here are a good candidate for hydrodynamic modelling. The short-range and long-range FK maps of TLS-derived are able to represent the bed topography at grain and form scale, respectively and this has potential application in hydrodynamic modelling where it is desirable to isolate particular scales of variation. In addition, The FK results demonstrates the possibility of riverbed sediment classification [22, 34] because the FK method could obtain the river bed topography at each scale of spatial variation.
Conclusion
Within this study, we explored the effect of a change of support on gravel bed surface data acquired from TLS and ALS, using geostatistical regularization. Although a smoother gravel bed surface measured by ALS is expected due to the large footprint, comparison of the highly controlled regularized TLS variogram with the observed variogram of the ALS point clouds demonstrated unambiguously that gravel bed surfaces acquired by the ALS are over-smoothed, which means that the spatial variation of such gravel bed surface is less than would be expected based on the ALS reported measurement scale. This has important implications for those wishing to use ALS data for geomorphological or hydrodynamic modelling applications.
The FK maps of the TLS-derived DSMs and ALS point clouds were demonstrated for mapping the multiple scales of spatial variation evident in the empirical variograms.
We found that the edges of gravels and both individual and clusters of gravels were the major features in the shortrange and long-range FK of the TLS-derived DSMs, respectively, which indicates that the data capture the grain and form scale. This suggests that the short-range FK of the TLS-derived DSMs has potential application in hydrodynamic modelling where the desire is to isolate the bed topography at specific scales. In addition, the short-range FK of the TLS-derived DSMs implies the possibility of automated riverbed sediment classification.
The long-range FK maps of the ALS point clouds show the gross patterns of clusters and aggregations of gravel. However, the short-range FK maps of the ALS point clouds produced a noisy pattern with little information content due to the smoothing effect. This analysis, thus, shows clearly that ALS data may be insufficient for geomorphological and hydraulic engineering applications that require the resolution of individual gravels in certain gravel bed surfaces. The downscaling technique may be applied on the ALS data for deriving the variograms on the point support in order to obtaining the small scale of spatial variation in the gravel bed. Caution and investigation of the appropriateness of the technique for the application in hand is advised.
